Abstract-Analysis of the noise of a system is often an effective way to obtain information about its internal dynamics. In this paper, an analysis of the variance of the noise on the power load curve of the Swiss railway system guides us toward the detection of a multimodality in the distribution of punctualities. This multimodality is regarded as a strong indicator for a dynamics with multiple, possibly self-organized, regimes. The presence of multiple regimes in the dynamics is of relevance for the design of operational strategies. Based on the information about the operation of the Swiss regular interval time table, we suggest and apply a simple way to identify the part of the load signal that can be regarded as noise, and we demonstrate the use of Hartigan's dip test for the identification of multimodalities in the distribution of random variables.
I. INTRODUCTION
T HE high volatilities (s. Fig. 1 ) in the power load of railway grids are a challenge for providing the power at every time. Conventionally it is solved by power plants and converter stations. A new feature consists in reducing peaks with help of a demand side management.
There is a variety of tools one can use in order to implement demand side management. We pursue the following approach: The load curve is split into a deterministic and a stochastic part (we will define precisely what we mean by "deterministic" below). The stochastic part is analyzed further; firstly, with the goal to get insight into the distribution of the noise, which allows predicting the probabilities for the appearance of load peaks of given size. Secondly, we analyze the relation between noise in the power load and the statistics of other observable quantities (such as punctuality) of the operation of the railway grid. The hope is that correlation indicates causation. If, for example, delays can be identified as being a possible cause for load peaks, increased punctuality (i.e. the percentage ratio of punctual arrivals of trains with less than three minutes delay on all stations of the grid) would not only be desirable with respect to consumer satisfaction but also be relevant for energy management (see below) and a priority target for improvements. The analysis of correlations in order to find causations in case of traffic systems has been demonstrated for various sample systems, for a review see e.g. [1] . Especially, the existence of multiple dynamic regimes (sometimes regarded as phases) in traffic systems has been established firmly in recent years. In a very recent work, Nagatani [2] showed the existence of two dynamic states (or regimes) for buses passing a series of traffic lights. The presented references mostly focus on road traffic; some processes, such as overtaking and congestion, differ in a railway system.
The research question addressed in this paper is given by the question, whether there is a correlation in form of a clustering between variance of noise in the power load on one hand and another operational observable on the other hand. The presented analysis focusses on punctuality, and in fact, we observed such a clustering. Furthermore, we could demonstrate that local punctuality (i.e. the percentage ratio of punctual arrivals of trains with less than three minutes delay at the dedicated major hub, the local punctuality is measured in the station not along lines) exhibits a multimodal distribution. Multimodality in probability distributions is a strong indicator for an underlying dynamics governed by multiple dynamical regimes (see subsequent explanations in this section and, for a more mathematical presentation [3] ). The information that a system is governed by multiple regimes is in turn of high relevance for the design of appropriate operational strategies. By the term operational strategy, we subsume schemes for the allocation of resources and infrastructure of whatever kind. The design of specific operational strategies is not part of this paper.
In more detail, there are several reasons why one seeks knowledge about the stochastics of noise and potential relations to other system observables. A first one is purely economic: Knowing the statistics of noise is of value for short term contracting in providing power, even if no active measures for noise reduction are implemented. A second reason is given by the general requirement of being as economical as possible with respect to energy consumption. This requirement can be answered in various ways. Further efficiency gains in the rolling stock may well be possible. However, the potential is probably limited. Another way to lower overall energy consumption is to reduce the necessary control reserve one needs to guarantee a (at least with respect to energy consumption, to provide control reserve is coupled with no-load losses of power plants and converter units) smooth operation of the railway system. In the ideal case, such a reduction would happen permanently, but the overall energy consumption can be lowered temporarily if one has strong indications that the railway system is in a regime that is very unlikely to produce strong peaks in demand. In order to achieve this, a better understanding of the nature of noise in electric power load is necessary. From an operational point of view, this understanding doesn't reduce the size or frequency of occurrence of load peaks but helps to deal with them in a more economic way. This includes a deepened insight into the statistics of noise as well as into the mechanisms and causations generating it. The detection of such causations can be achieved by analyzing statistical correlations between observable quantities of railway system and the noise. In fact, thirdly, as we will demonstrate, the analysis of the relation between variance of noise and punctuality motivates a statistical analysis of the latter and gives evidence that the railway system switches between different regimes of operation. More precisely, the system seems to run either in a punctual regime with comparable low variance of noise or in an unpunctual regime with higher variance of noise. These two regimes of operation seem to be clearly distinct and there is no detailed knowledge about the precise way how transitions between them take part. Knowing about such regimes and transitions is of interest a) because one gets a better understanding of dynamics underlying the railway system and b) such knowledge can be crucial for the design of an appropriate operational strategy for the whole system. In such a strategy, one has to be aware of the actual regime of the system and to apply a control that is optimal for the specific regime and (if possible and desired) c) one has to take appropriate means in order to switch as smoothly and quickly as possible from one into another regime. Knowing about the existence of multiple regimes is technically relevant particularly for model-supported operation. If one uses a model (deterministic or stochastic), one often determines model parameters from data. In the case of multiple regimes, it is useful to build a model for each regime separately; parameters are then estimated in a regime specific manner and it is expected that regime-specific model and parameter estimates lead to better performance of (modelsupported) operational strategies. However, there is a prize to pay: the use of regime specific models requires a proper detection of the one out of several regimes the system actually resides in.
As we show in this paper the data required for an analysis of the systems regimes requires a sophisticated acquisition protocol (some of the data is local such as punctualities in a hub and some of the data cannot be localized such as power load of the net). The research gap addressed in this paper concerns the methods and possible conclusions one can draw from the available data (evidence of multiple regimes) at the same time, we show that with the present data, important questions cannot be answered (causes for the emergence of multiple regimes).
The approach we pursue can be summarized as follows: First, determine the part of the load signal that is regarded as noise. Second, find observables that correlate with relevant aspects of the noise. In the paper presented here, we will focus on the variance of the noise, and the punctuality of trains. As will be shown, a clustering can be observed. Third, we analyze the statistics of local punctuality in more detail. This is done because local punctuality is a direct result of local interactions in the railway grid. If, as it turns out to be the case, the probability density function of local punctuality shows multimodality one has found a direct target for interventions.
The paper is structured as follows. In Sec. II. we give some background information about the Swiss railway power grid. In Sec. III., we define our notion of noise and discuss how we split the power load curve into a deterministic and a stochastic part. In Sec. IV., we analyze the relation between the variance of noise in the load and the distribution of punctuality of the railway system. This motivates the claim that the dynamics of the Swiss railway system exhibits stochastic switching between multiple regimes. In Sec. V., we discuss these findings. The paper closes with the conclusion and outlook Sec. VI..
II. BACKGROUND: THE LOAD PROFILE OF THE SWISS RAILWAY POWER GRID
The 16.7 Hz electric railway power supply grid in Central Europe exhibits many features expected to be present in the public grid, once a phase-out of nuclear and fossilenergy-carriers will be realized. Among others, these are today: High share in renewable energies, decentralized and non-orchestrated production (in the railway system from recuperation of the vehicles) and a high fluctuation of the residual load. Several publications discuss demand side management for 50 or 60 Hz public power supply grids [4] , [5] . Methods for the system design of railway power grid exist [6] , [7] , but focus on worst case scenarios of the demand and not on the management of short-term fluctuations in the range of seconds. The Swiss Federal Railways (SBB) operates an electric power supply grid that is economically separated from the public grid but technically connected with converter stations. So it is possible to cover an increased power demand on national level in the 16.7-Hz-grid by means of the converter stations from the 50-Hz-public-grid, but new converter stations cause investment and operating costs. The 16.7 Hz railway power supply grid in Switzerland operates at the 15 kV catenary grid and at the 132 kV transmission grid. Local power peaks can be balanced by the overlaying 132 kV transmission grid, so that peaks on a national level are much more relevant than on local level. According to its energy strategy, the electric power supply of SBB in 2025 will rely completely on renewable energy sources [8] and exploit the possibilities of information technology for a maximally efficient operation in various manners [9] . Other railway grid operators will also switch to renewable energies, like in Germany [10] for instance. It is a prototypical example for a smart grid, according to the definition given in the US Energy Independence and Security Act of 2007 (EISA-2007). SBB is implementing as first railway grid operator a demand side management system [11] to reduce the global load peaks.
An example of the total load profile of the electric railway power supply of the SBB that exhibits large and steep load peaks is presented in Fig. 1 (further information in [12] ). Load increases of 240 % in 70 s are challenging but daily business. In order to put Fig. 1 into perspective, we give some background to the presented data: The basis of studies such as [13] is a measurement of the total load of the SBB electric railway power grid with a sample resolution of one second. The power grid has a total installed production power (i.e. power plants and converter stations) of 1 300 MW including failure and maintaining reserve, the maximum load peak was in past about 740 MW. Because balance between load and production has to be guaranteed at any time, the maximum load peak provides the main influence on dimensioning the grids power production. The installed power causes high costs for building and maintenance of power plants and converter stations. For the future, an increase of the load peaks, at least in size but probably also in frequency, is expected because of the planned increase of transport capacity and more powerful rolling stock. For economic reasons it is very interesting to limit the increase of load peaks in order to reduce the increase of installed power and thus reduce system costs. The load peaks are, at least in parts, the result of the emergent dynamics caused by the interaction of individual trains (e.g. by synchronization phenomena). In this study, we present evidence for the importance and some specific features of these dynamics based on the analysis global load data. In a later effort, motivated and guided by these results, bottom -up countermeasures aiming at the reduction of load peaks have to be developed.
The Swiss railway power grid is connected with those of Germany and Austria. The three grids are operated in a common primary control area [14] , the used energy data are the consumption in Switzerland and the power net export from Switzerland is subtracted. The Swiss railways accomplished in 2015 a traffic performance of 18 560 million passenger kilometers and 15 065 million net ton kilometers of freight traffic by use of total 1 844 GWh of electrical traction energy [15] . The operational maximum speed in the Swiss railway grid is 200 km/h.
As explained, dealing with forecasting and controlling load peaks is relevant for technical as well as economic reasons. Peaks can be understood as rare events drawn from the fat tailed distribution of the load gradient. Since stochastic processes are families of probability distributions indexed by time, they provide promising candidates for modeling load peaks. A general survey on statistical analysis of power systems is given in [16] and an application of a special class of stochastic processes (i.e. stochastic differential equations: SDE) to describe electricity spot prices and the stochastic component of the total load of the SBB power supply grid can be found in [17] and [18] . Ditlevsen [19] , [20] and Albert et al. [21] generalize SDE's to fat tailed distributions.
III. DETERMINISTIC AND STOCHASTIC PART OF THE LOAD PROFILE

A. Definition of Noise
Splitting a signal into a deterministic and a stochastic part is, at least conceptually, comparably easy as long as the signal can be understood as arising from of a well-defined system with known internal deterministic dynamics and a connection to / an embedding into a stochastically varying environment. In case of the SBB power grid, the distinction into deterministic and stochastic behavior is more involved, because the dynamics of the system under consideration (the trains on the railway network) and their mutual interactions are not known in all detail. Consequently, the split of the power load curve into a deterministic and a stochastic part follows a different paradigm: The regular interval time table suggests a corresponding regular part in power demand. The regular part of the power demand is determined by frequency analysis and regarded as deterministic, because it can be mapped onto features of the operation of the railway grid. Consequently, the difference between the actual load and the deterministic part is deemed to be noise. This separation of the total load profile in deterministic regular frequency components and noise by a Fourier Analysis has been described in [13] . With an average of 160 trains per track and day [15] the Swiss railway grid is one of the most heavily used railway grids in the world [22] . The statistical properties of the noise are, at least in parts, due to collaborative phenomena as they appear in many traffic systems [1] . In this analysis, we focus on a correlation between punctuality and variance of the noise which indicates the noise to be in part a collaborative phenomenon.
We make two remarks concerning the concept of noise, as we present it here. Firstly, the way how we define noise is not immanent to the system but reflects our knowledge about the system. As will be discussed in the next section, we can map certain frequencies in the Fourier spectrum of the power load onto aspects of the operation. This mapping defines what we understand by "deterministic". Secondly, we emphasize that the term "noise" is mathematically adequate (since the fluctuations are stochastic in nature) but may lead to a misunderstanding. The noise we analyze in this paper is not white noise, at least not in general because the noise Absolute value of the Fourier spectrum of the SBB total load. Frequency domain from 0 to 2.4 mHz [13] . Fig. 3 .
Absolute value of the Fourier spectrum of the SBB total load. Frequency domain from 15.9 to 17.5 mHz [13] .
is not necessarily independent (i.e. exhibits non-trivial autocorrelation). This for (at least) three reasons: First, the contingencies mentioned above are not isolated events and may take effect over a longer period. Second, even if these contingencies are highly localized in time, they may lead to avalanche effects in the sense that one contingency may promote other events that disturb the traffic. Third, the noise does not contain all frequencies (see definition in the next section).
As will be discussed in Sec. IV. a closer analysis of the noise and punctuality suggests a non-trivial structure, i.e. a clustering between variance of noise and punctuality.
B. Frequency Analysis
Based on time series of the load profile with a sample rate of one second, the respective Fourier spectrum is presented in Figs. 2 and 3 (for Fourier transformation c.f. [23] ). We identify those characteristic frequencies which can be related to different aspects of the operation of an integrated regular interval timetable. The low frequency components under 0.5 mHz, describe the ground pattern of the load profile, caused by the traffic rush hours and environmental effects, such as the temperature influence, on the load. The half hour periodicity and its harmonics (i.e. 15 min, 10 min, 7.5 min periodicities) reflect the symmetrical regular interval timetable, see Fig. 2 . The symmetrical regular interval timetable combines an interval timetable (trains departure for example every half an hour to a certain destination) and a synchronization of different lines in hubs (trains of all directions arrive a few minutes before e.g. the full hour, so passengers can change and few minutes after the full hour the trains leave in all directions). Furthermore, one finds a periodicity of one minute that is due to the fact that punctual trains departure always happens some seconds after the full minutes (hh:mm:00), see Fig. 3 . These components are predictable and are well explored. In a more detailed temporal analysis it can be seen the variation We analyze the power load with respect to one-hour time intervals that begin at the full hours (hh:00:00). This choice is justified, because it is bigger than 30 minutes, which is the natural time window of the Swiss regular interval time table. Furthermore, we expect the hour from, say, 7:00 to 8:00 to be comparable for all workdays, whereas the frequency spectrum of a rush hour differs from the spectrum observed during the night, when traffic is reduced. In what follows, we regard the deterministic part of the power load as composed of the Fourier components with periods bigger or equal to 30 min, and the components with periods 15, 10 and 1 minute. As explained above and in [13] , this choice is justified by consideration of the railway system operation. The deterministic part consists of the Fourier components according to the mentioned periods. Periods bigger or equal to 30 min correspond to a low-pass filter. Noise is defined to be the stochastic part, which is given by the load minus the stochastic part.
IV. CORRELATION BETWEEN LOAD NOISE
AND PUNCTUALITY: EVIDENCE FOR MULTIPLE REGIMES We relate the punctuality in the whole Swiss railway system to the variance of the load noise (i.e. the variance of that part of the load profile regarded as noise, according to the definition given in Sec. III. A.). We focus on the time window from 6:00 to 10:00 of workdays; this is motivated by Fig. 4 . Starting from a relatively high level of average punctuality between 6:00 -7:00, then we observe a decreased punctuality. The time intervals of decreased punctuality are those of interest for detailed analysis of the dynamics of the railway system. This for two reasons: A better understanding of the dynamics could show ways for an improvement of punctuality, which yields a direct benefit for passengers.
We compute the variance of the noise for time intervals covering full hours from 6:00 to 10:00 and plot it versus the Variance of the noise vs. punctuality on an hourly base. Each plotted sample represents data from days within a period from 19.01.2015 to 20.03.2015, the data are selected to workdays and the hours are from 6:00 to 10:00. punctuality in the according time interval. The result is given in Fig. 5 . A closer analysis of the data reveals that the samples can be grouped into two clusters. In the lower right, one finds data points belonging to the hours from 6:00 to 7:00 with high punctuality (> 88%) and low variance of the noise (cluster 1) and a cluster (cluster 2) of hours from 7:00 to 10:00 with high variance of noise in a wide range of punctuality. Between 16:00 and 20:00 we observe a similar behavior (not shown).
The question arises whether the two clusters are truly distinct or result from a simple scaling effect. If it were the case that the system usage (i.e. the power demand) is higher during the hours from 7:00 to 10:00 compared to the interval from 6:00 to 7:00, an upscaling of the noise would be no surprise. But as shown in Fig. 6 the hourly average of the total load consumption of the Swiss electric power grid during the hours from 6:00 to 9:00 is similar and during the hour from 9:00 to 10:00 even lower than in the previous three hours. Therefore, simple scaling can be ruled out as explanation for the appearance of two clusters.
In the introduction, we mentioned that our investigation is guided by the idea that the appearance of clusters in a plot of variance of the part of the power load that cannot be explained by deterministic variation in the operation of the railway grid (i.e. the noise) vs. a system variable such as punctuality opens Fig. 7 . Histogram of the punctuality of the trains for the hour 6:00 -07:00; shown are punctuality statistics for whole Swiss railway system. Fig. 8 . Histogram of the local punctuality of the trains for the hour 6:00-7:00; shown are the local punctuality statistics for Olten, a central hub in the Swiss railway system; p-value of the Hartigan's dip test < 2.2e- 16. several routes for system optimization. As long as there is a reasonable chance to detect or even to forecast in which regime a system will reside, the operational strategy can be chosen with respect to the specific properties of this regime. In Fig. 5 , we have a clear indication for the existence of clusters in a plot that shows the variance of the noise vs. punctuality. However, there is an issue to be considered: the power load of the railway grid is a global quantity in the sense that there is no natural way to define a spatially resolved concept of noise in the power load in a tightly interconnected railway system (see also the discussion section). Local punctuality, however, can be defined with respect to hubs (in the following sections, we present ways to do this). Even if Fig. 5 suggests the existence of two regimes, this observation cannot be related to phenomena on a local level. A more local level is of interest, because many aspects of operation can be implemented locally and if it turns out that some parts of the railway system exhibit a dynamics according to one regime whereas other parts follow a different dynamics (the other regime), an operational scheme should be able to account for this distinction.
Since the variance of the power load is not a local concept, we must, for a local analysis, focus on punctuality alone. First, one observes that a projection on one dimension, i.e. a histogram of the punctualities from Fig. 5 does not show any particular features (Fig. 7) .
However, as we will demonstrate (see later in Figs. 8 -11 ), there are clear indications for multiple regimes if one analyzes the delay statistics of individual (major) train stations, we call Fig. 9 .
Histogram of the local punctuality of the trains for the hour 7:00 -8:00; shown are the local punctuality statistics for Olten, a central hub in the Swiss railway system; p-value of the Hartigan's dip test: 0.0311. Fig. 10 .
Histogram of the local punctuality of the trains for the hour 8:00 -9:00; shown are the local punctuality statistics for Olten, a central hub in the Swiss railway system; p-value of the Hartigan's dip test: 0.0795. Fig. 11 .
Histogram of the local punctuality of the trains for the hour 9:00 -10:00; shown are the local punctuality statistics for Olten, a central hub in the Swiss railway system; p-value of the Hartigan's dip test: 0.000217. it local punctuality. The existence of local multiple regimes is obscured if the distribution of punctualities is analyzed aggregating data from the whole of Switzerland. This is no surprise; dynamic formation of regimes by self-organization (or self-stabilization of undesired regimes) may occur in a part of the railway system, but rarely affects the whole railway traffic. In order to overcome this problem, we work with the local punctuality statistics of Olten, a major hub in the Swiss railway system, for which according data is available. Comparable results have been found for Zurich (not displayed); we have chosen Olten because it is a through station for many main lines in Switzerland.
In order to study the internal structure of the clusters in Fig. 5 , we take time intervals with a duration of one hour of different workdays as samples and compute the relative local punctuality of passenger trains for each sample and day. The samples are taken from the local punctuality statistics of the hub of Olten, spanning the period from 19.01.2015 to 20.03.2015, selected to be workdays. The corresponding histograms (Figs. 8-11 ) represent the absolute frequency of punctuality on different workdays (Figs. 8-11 ) using a bin width of 2.7 percentage points. Visual inspection suggests multimodality in the histograms (Figs. 8-11 ), but may be misleading, since the number of modes in a histogram greatly relies on the bin width chosen. Hartigan's dip test based on the empirical distribution avoids creating an artifact of this type. In order to illustrate the number of modes as well as their location we perform a cluster analysis in the appendix for the data used in Fig. 9 and we also compare its results with the p-value of Hartigan's dip test.
The null hypothesis in Hartigan's dip test is unimodality. Hence the alternative is multimodality. The major assumption to justify the application of Hartigan's dip test is independence of the sample points. Since we analyze the local punctuality of samples for identical time intervals of different days but always covering the same hour, this independence may safely be assumed (It is clear that if there are low local punctuality in, say, the interval from 6:00 to 7:00 of a given day, the probability to have also low local punctuality at a later hour of the same day is enhanced. But yesterday's local punctuality usually doesn't affect the local punctuality of today).
The results of Hartigan's dip test are in the captions of Figs. 8-11 (p-value) . From these results, we gain evidence that there are (at least) two regimes of operation: a local punctual regime (with punctuality higher than 92%) and a regime of low local punctuality. A local switch between these regimes in a central hub suffices to establish a mutual hindrance of many trains. Acceleration processes of delayed trains are coupled by cueing effects and may produce peaks in the total load of the Swiss railway grid. A local decrease in punctuality in a major hub of the railway grid amounts in an increase of variance of noise in the whole power grid.
A remark on the choice of hourly time intervals: From the vantage point of the system, the data of the different intervals could be aggregated. However, the dynamics of the system is also subject to external effects. The passenger load varies over the day (e.g. rush hour traffic). The choice of intervals of one hour (and the start of these intervals at full hours) reflects knowledge about consumer habits and the periodicity of the regular interval time table.
V. SUMMARY AND DISCUSSION
We analyzed the variance of noise from the load profile and the punctuality of the Swiss railway system. Motivated by a visual inspection of the diagram of variance of noise versus punctuality, we hypothesized multimodality in the distribution of local punctualities and consequently (and for the operation of the railway system more relevant) evidence for the appearance of multiple regimes in the operation of the railway system. A statistical scrutiny, based on Hartigan's dip test, corroborated the visual impression of multimodality insofar as the null hypothesis of unimodality can be rejected for several time intervals.
We have to express a word of caution that has always to be applied when statistical tests are used; statistical tests may justify the rejection of a null hypothesis, but not more. What we have demonstrated is that the data is not compatible with the hypothesis of unimodality of the probability density function generating that data. This must not be confused with an actual proof for multiple regimes in the sense of different basins of attraction for a dynamical system. Although in practice, the rejection of the (hypothesis of) unimodality of this density constitutes strong evidence for multiple regimes.
Even if the observed dynamics exhibits multiple regimes, the question remains whether these multiple regimes are caused by intrinsic mechanisms (self-organized regimes, e.g. driven by avalanche effects such as delayed trains that hinder other trains at leaving a station and thereby cause further delays) or extrinsic causes (e.g. externally determined multiple regimes in the numbers of trains such as extra trains on days with increased passenger volume, which in turn leads to multiple regimes in other system observables). Dynamical systems, traffic systems included, often exhibit bifurcations (for a nice example of this type of intrinsic dynamics leading to multiple regimes, see e.g. [24] ). If multiple regimes are caused by intrinsic mechanisms, the dynamics of the system is governed at least by two time scales: the one of the dynamics in a regime (fluctuations around the local attractor, generalized damping effects, etc. and the one governing the switching between regimes, see e.g. [3] ). The distinction between intrinsic and extrinsic causes is relevant for the following reason: If the causes for multiple regimes behavior turn out to be extrinsic, multiple regimes have just to be accepted as long as the external effects cannot be changed (e.g. it is simply a fact that there are more passengers in the morning hours, than say at 3.00pm). Optimizing operations strategies then just means that operational strategies and algorithms have to be adapted to the detailed statistics of the noise in power load at different hours during the day. If, however, the causes for multiple regimes in punctuality are caused by some intrinsic, e.g. bifurcation, phenomenon, active measures can be taken that switch the system from an undesired into a more desired regime. But in any case, whatever causes multiple regimes, awareness of their existence and a characterization of their stochastics is useful in order to determine operation procedures optimal for specific regimes.
Our analysis suggests a correlation between punctuality (P) and variance of noise (N) of the electric load profile. We discuss possible causations. First, the decrease in P and the accompanying increase in N could have a common source. Second, the decrease in P could cause an increase in N and finally, third, the increase in N could result in a decrease of P. This latter possibility seems not to be plausible, since a more noisy consumption of energy may increase costs, but has no direct influence on the operation of the railway grid because the vehicles don't see the total load of the railway power grid. Although we cannot rule out the first possibility, we favor the hypothesis that decreased punctuality causes the emergence of larger noise.
Even if one accepts a lowered P as a cause for increased N, one has not justified multiple regimes. A potential mechanism that could establish a "tipping point", i.e. a switching between a punctual and an unpunctual regime of operation, is given by the following consideration. The regular interval timetable in the Swiss railway system exhibits a specific feature: the connections are organized in such a manner that trains arrive and depart from main hubs around the same minutes of the hour. This leads to a peak of the density of trains and in consequence to time windows with increased probability for track conflicts around the main hubs because the trains cross each other before main hubs. In Switzerland the main lines are connected in the hubs. Comparably small perturbations can therefore have a large impact which is readily transferred over at least parts of the network. Track conflicts (and their resolution) lead to increased variations in the speed of trains and consequently to noise in the electric load profile.
At the present state, the available data allows the identification of multimodal distribution but not the underlying dynamics. Concerning the analysis of the relation between variance of noise in the power load and punctuality, a main obstacle for obtaining deeper insights into the system behavior lies in the fact that we demonstrated that punctuality has to be analyzed with respect to local hubs. According data for local power load are difficult to get, because actually there is no metering on the trains available, on transformer substations there is a metering installed, but due to the interconnection of the catenary grid it is not possible to assign exactly this measured values to a single train or hub. Besides purely technical problems, there is no proper concept of local power load in a connected system (It is sensible to speak of train punctuality with respect to a given hub, but in order to speak of a local power load, one needs to define regions around a hub and there is no natural way to do that because there are no regions around a hub defined with corresponding metering equipment).
VI. CONCLUSION AND OUTLOOK
In this paper, we found a clear indication of multimodality in the distribution of local punctuality but the available data does not allow drawing conclusion about the origin of this behavior. But even if the detailed mechanisms leading to the multimodality in the distributions observed are not known, optimal operation protocols should take into account the detailed stochastics of system variables. The presented issues are therefore a relevant piece of information for the planning of operational procedures.
The possible linkage between punctuality and variance of noise of railway power supply may open possibilities for the more exact prediction of the railway power and better operational strategies for grid operation and demand side management. A further investigation should focus on the question whether such multiple regimes are caused by a multimodal usage profile or whether it is the result of some internal systems dynamics. If the latter turns out to be true, optimal operation could profit from the detection of early warning signals announcing the transition from one multiple regime into the other and improve in this way the overall punctuality in the railway grid. This investigation used highly local and, in the context of the operation of the railway system, easy to interpret data (punctuality). These data were related to global data, namely the variance of noise. This is not entirely satisfactory because from a methodological perspective, data from a system with well-defined system boundary is preferable. Further work will address the question whether evidence for multiple regimes in terms of multimodal density functions can be found in data describing a well-defined part of the network. We are confident that such data would make it easier to decide about the origin of the multimodal behavior of the density function of local punctuality.
APPENDIX
A first step towards the determination of an appropriate operational strategy is to analyze whether or not system variables exhibit uni-or multimodal distributions. Since visual inspection of the number of modes greatly relies on the bin width chosen, we apply a statistical test insensitive to such a choice. Hartigan's dip test [25] is based on the empirical distribution function, hence it stresses on the observations and is insensitive to any bin width arbitrarily chosen. As an additional benefit this test allows sample point being drawn from all kinds of unimodal and multimodal distributions. Hartigan's result for the dip test statistics is a convergence theorem. In a similar context e.g. the central limit theorem, a rule of thumb suggests to use the limiting distribution, if the sample size exceeds n = 30. Dealing with a sample size of n = 45 we adopt this suggestion. We mainly use this test to exclude artifacts due to a specific choice of bin width in our histograms.
In order the reader gets a feeling on how distinguished the modes in our sample are, we perform a cluster analysis for the sample points used in Fig. 9 . The results for Fig. 8 , Fig. 10 and Fig. 11 are similar. Applying a K-means algorithm (cf. [26, pp. 424] ) and depicting the within groups sum of squares (wss) depending on the number of clusters yields Fig. 12 :
Since the within groups sum of squares most prominently decays passing from one to two clusters, we argue that two clusters should be taken into account. The two clusters consist of 25 values of higher local punctuality versus 20 values of lower local punctuality. Wards hierarchical clustering method (not displayed here, cf. [27] ) also shows a distinction into almost the same two clusters. After establishing a stable distinction into two clusters we represent the two clusters as a Gaussian mixture using an EM algorithm (cf. [26, pp. 435] ) to estimate the parameters of their densities (mean and variance) as well as the mixing parameters (Fig. 13) .
We use these parameters to calculate Ashman's D (cf. [28] ) The value of D = 19.6 exceeds the critical value of 2 indicating a clear separation. In order to exclude an artifact we apply Hartigan's dip test for unimodality. For a sequence of independently and identically distributed random variables X i all having the same distribution function F the null hypothesis of Hartigan's dip test states that F is a unimodal distribution. Hence the alternative is non-unimodal i.e. at least bimodal. Maechlers R-package (cf. [29] ) calculates a p-value of 0.0311.
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